The objective of this research was to recognize the hand gestures of Arabic Sign Language (ArSL) words using two depth sensors. The researchers developed a model to examine 143 signs gestured by 10 users for 5 ArSL words (the dataset). The sensors captured depth images of the upper human body, from which 235 angles (features) were extracted for each joint and between each pair of bones. The dataset was divided into a training set (109 observations) and a testing set (34 observations). The support vector machine (SVM) classifier was set using different parameters on the gestured words' dataset to produce four SVM models, with linear kernel (SVMLD and SVMLT) and radial kernel (SVMRD and SVMRT) functions. The overall identification accuracy for the corresponding words in the training set for the SVMLD, SVMLT, SVMRD, and SVMRT models was 88.92%, 88.92%, 90.88%, and 90.884%, respectively. The accuracy from the testing set for SVMLD, SVMLT, SVMRD, and SVMRT was 97.059%, 97.059%, 94.118%, and 97.059%, respectively. Therefore, since the two kernels in the models were close in performance, it is far more efficient to use the less complex model (linear kernel) set with a default parameter.
Introduction
Arabic Sign language (ArSL) resembles other forms of sign language for different spoken languages. ArSL is a multi-dialect sign-language system that is used by a considerable number of the hearing impaired in the Arab world, and it facilitates communication using hand gestures.
Understanding the meaning of sign language is difficult, so having an interpreter to translate sign-language gestures is inevitable. Due to the limited number of available ArSL interpreters for the different dialects, an automatic hand-gesture-recognition system is needed that can translate the sign language into text or audio in real time.
The available literature shows that the American and British Sign Languages are the most researched by far, with the American variant being the most influential [1] . In contrast, ArSL is still lagging behind in the literature.
As is the case with all sign languages, the automatic recognition of ArSL poses some problems, because the letters of ArSL are signed using gestures that are not always detected easily. Sometimes, there are difficulties with reading the hand's joints, the palm, and the fingertips. Therefore, it is gestures. Human skeleton bone direction and joint or hand positions for the body parts in general are valid features that give high recognition accuracy [2] . Figure 1 presents some ArSL words that have different meanings as well as recognition issues. For example, for words one and two in Figure 1 ("cruel" and "giant", respectively), recognition will give the same meaning if it relies on the finger poses, but the two words will be recognized as distinctive when considering the elbows' angle.
By comparison, the gestures for words three and four in Figure 1 ("plate" and "tower", respectively) can be recognized easily by the elbow's bone angle, even though the gestures have the same finger pose (all of the finger bones have the same orientation in both gestures). Therefore, the same finger pose could cause an incorrect recognition between each of the two words, but the directions of the other arm bones, like the shoulders or elbows, could make the recognition more accurate. In addition, word five in Figure 1 ("objection") has the fingers attached together, which are also attached with the palm, so it is difficult to recognize each finger, or even the hand. This makes the accurate recognition of imperceptible hand gestures a major research concern. It is assumed that digital gloves or marker-based techniques are possible solutions, but the unnatural quality of such interactions (people having to wear extra equipment on their hands) makes these solutions impractical to realize in real life [3] . However, it seems that opportunities for research in this field have increased with the introduction of cheap depth sensors.
Depth sensors provide essential data about each object or human in close proximity to the sensors, which will help extract a user's hand and body features. In real life, hand-and fingerrecognition systems need to extract extra features and use complex procedures to recognize and interpret gestures accurately [3] . Among these devices are currently used ones like the Senz3D, Orbbec Persee, Microsoft Kinect, and Leap Motion Controller (LMC). Basically, these depth sensors project infrared beams, which bounce off a user standing in front of them. The infrared sensor uses time to measure the user's distance from the device [4] .
Kinect, however, cannot accurately detect the movement and details of fingers and joints. To overcome such limitations, researchers use Kinect with a combination of image processing software, classifier algorithms, and software development kit (SDK) libraries, as in [5] , or use Kinect with hardware such as electronic gloves, or integrate it with another sensor device to detect fingers and joints, as in [2] .
Al-Masre and Al-Nuaim in [2] applied a supervised machine learning (a concept that matches through similarity) hand-gesturing model on a small dataset of 224 gestured letters to recognize the 28 letters of the Arabic alphabet [2] . Their research provided a true representation of ArSL when they increased the dataset sample from 224 to 1400 gestured letters [6] . Therefore, as the dataset was large, they used the kernel support vector machine (KSVM) as the supervised learning algorithm, with the radial kernel set with two parameters [6] . In addition, to overcome the time complexity of interpreting This makes the accurate recognition of imperceptible hand gestures a major research concern. It is assumed that digital gloves or marker-based techniques are possible solutions, but the unnatural quality of such interactions (people having to wear extra equipment on their hands) makes these solutions impractical to realize in real life [3] . However, it seems that opportunities for research in this field have increased with the introduction of cheap depth sensors.
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Al-Masre and Al-Nuaim in [2] applied a supervised machine learning (a concept that matches through similarity) hand-gesturing model on a small dataset of 224 gestured letters to recognize the 28 letters of the Arabic alphabet [2] . Their research provided a true representation of ArSL when they increased the dataset sample from 224 to 1400 gestured letters [6] . Therefore, as the dataset was large, Computers 2017, 6, 20 3 of 13 they used the kernel support vector machine (KSVM) as the supervised learning algorithm, with the radial kernel set with two parameters [6] . In addition, to overcome the time complexity of interpreting data for their model, the authors used the principle component analysis (PCA) algorithm to simplify the large dataset by reducing features and deleting redundant, irrelevant, or erroneous data due to noise [6] .
In addition, Al-Masre and Al-Nuaim in [2] [3] [4] [5] [6] applied a KSVM algorithm as a supervised machine learning classifier to recognize the hand-gesturing movement and to classify it as the letter to which it belongs, which achieved 86% accuracy for recognizing ArSL letters [2] [3] [4] [5] [6] .
For the purposes of this research, a new dataset for ArSL words-as opposed to letters-was collected using the same prototype as in [6] . However, to overcome the complexity of using a support vector machine (SVM) with only the radial kernel, the SVM classifier was used with different kernels and parameters to classify a five-word ArSL dataset, with each word considered a class (Figure 1) .
Therefore, the objective of this paper is to compare the accuracy of the classifier with each parameter setting for each kernel.
Related Work
Sign language syntax can be defined as a combination of word order and non-manual markers, such as head tilting and shoulder raising, that add to the hand signs to create a meaning [7] [8] [9] [10] [11] . Hence, among the major problems a researcher encounters while developing gesture-recognition systems are those related to syntax. Similar problems exist in Arabic Sign Language, for which only a few linguistic studies have been conducted to account for its phonological, morphological, and syntactical aspects [8] .
Technologies with new sensors and machine-learning approaches may help to create an auto-recognition sign-language system to compensate for the lack of a manual for Arabic Sign Language [8] .
Machine learning is "an evolving branch of computational algorithms that are designed to emulate human intelligence by learning from the surrounding environment" [9, 10] . Thus, machine learning is more than just calculating averages or performing data manipulation; it involves creating predictions about observations based on previous information [10] .
Machine learning is critical to interpreting sign language and translating it into text. The concept of machine learning is divided into two main categories: supervised and unsupervised learning [11] . In supervised learning, the machine has prior knowledge of the characteristics of the dataset, which is usually divided into training and testing phases. In unsupervised learning, the machine does not have any prior information. Each learning style involves applying different algorithms to classify the datasets. However, the supervised method is more accurate, especially when dealing with larger datasets.
Machine learning for gesture recognition involves four steps: (1) choosing the appropriate sensors to collect the gestured letters; (2) analyzing and extracting features-which are values related to describing gestured letters-from the data; (3) classifying the data by recognizing and interpreting gestures using one or multiple algorithms; and (4) displaying the recognized gesture's name by text or audio [12] .
The observed gestured letters are segmented into different classes based on the same or related values [13] . During classification, the collected data are segmented into two sets: a training and a testing set [13] . Thus, classification is the process of assigning a new observation to a specific class on the basis of training set values.
Generally, there are many classifier algorithms, such as the neural network, support vector machine (SVM), nearest neighbor (kNN), and random forest (RF) algorithms, with each having a different method to predict or choose the set to which a particular observation belongs [11] .
By applying machine learning to classification, it has become easier-with the development of depth cameras and sensors-to make three-dimensional molding more accurate in identifying the individual body parts of a natural-looking human [14] .
Mohandes, Deriche, and Liu in [15] used an LMC device in a system to recognize signs of the Arabic alphabet. A single volunteer gestured the 28 letters of the Arabic alphabet 10 times each, for a total of 280 (10 × 28) frames of data. The authors used two back-propagation algorithms to test the accuracy of the sign recognition. The first was a naive Bayes classifier with an accuracy of 98.3%, and the second was a multilayer perceptron with an accuracy of 99.1%. In their conclusion, they recommended the use of two sensors for more accuracy [15] .
Ahmed et al. in [16] developed a system for sign-language recognition. A statistical analysis of the data from the collected images was provided as an input to an SVM. The results of that system for 10 letters reached an accuracy rate of 83%. They recommended further enhancements to construct a real-time static and dynamic gesture-recognition system [16] .
Aujeszky and Eid in [17] introduced a framework for ArSL communication systems using Microsoft's Kinect. The proposed framework is a two-part real-time communication system with real-time feedback about the signer's performance via real-time avatar animation. The results had a 96% detection rate, and the average time to complete an Arabic sign was about 2.2 s [17] .
Marin, Dominio, and Zanuttigh in [18] explained how to exploit two types of sensors for accurate real-time gesture recognition. They used LMC for hand gesture recognition, which provides only a limited set of relevant points, and a depth camera to obtain a complete three-dimensional description. Their captured feature sets were fed to a multi-class SVM classifier. The accuracy recognition results were 80.9% when they used LMC only, 96.35% when they used only the depth camera, and 96.5% when they combined the two [18] .
Gesture Recognition Pipeline
The process of the gesture recognition pipeline starts by inputting unclassified data into the devices and ends with output information about the data class to which the data belong [11] .
Input (via Sensors)
In this research, Kinect™ and Leap Motion Controller (LMC) sensors were used to create a model to recognize ArSL gestures. Microsoft Kinect Version 2.0 has a depth camera, voice recognition, face-tracking capabilities, and provides access to the raw sensor records [11] . Kinect has an open-source SDK for developing applications; it also has a wider sensing range that can track a complete skeleton, with joint points. Figure 2 shows the upper human joint points that Kinect can detect and track [4] . LMC Version 2.0 provides a skeletal-tracking algorithm, which offers information about hands and fingers as well as overall hand-tracking data, even if the hands cross over each other ( Figure 3 ). LMC uses an application programming interface (API) that measures different units of physical quantities, such as measuring distance using millimeters, time using microseconds, and an angle using radians [19] .
Like Kinect, LMC has an open-source library (SDK Leap Version 2), which provides APIs that retrieve many details about the hands, such as the direction of each finger or bone.
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Feature Extraction
A feature in computer vision means a piece of information that is related to explaining a certain part of data or computational tasks that are connected to a specific part in an image [20] . Therefore, in machine learning and pattern recognition, the preprocessing generally starts by extracting a vector of features that help the system recognize the image [20] . Features could be points, edges, and directions of certain points in an object, such as the direction of hand bones [20] . Feature extraction is an important process that requires certain classification algorithms, especially when the input data are too large. Thus, the analysis of complex data is one of the main difficulties, due to the number of variables involved. Consequently, feature extraction is used to reduce the representation of features in an image, instead of in the complete initial data set. The extracted features are predictable, to cover all of the relevant information from the input data [20] . As mentioned above, the Kinect and LMC sensors retrieve depth data of a human body's skeleton, which yield precise features that can be used to enhance any gesture-recognition system [21] .
Classification Using Support Vector Machine (SVM)
In machine learning, the classification process provides the classifier with accurate data, in which the right answers for each class are produced; it checks whether this classifier can predict the class of new data [22] . In other words, the classification process divides the collected dataset into two subsets: training and testing sets. Then, it implements the following steps:
The training step: based on the training set observations, for which each input is mapped to the output, the researchers used classification to estimate a predictive model (classifier) that can map or generate output to an arbitrary input.
The testing step: the classifier can then label the unseen observations in the testing set into a class. Therefore, the testing step assesses the classifier's (the predictive model's) ability to predict the class name of the unseen data correctly.
There are many classifiers, and each one uses different parameters to predict and choose the right class. The SVM performs classification by finding the hyperplane that maximizes the margin between the two classes. The vectors (cases) that define the hyperplane are the support vectors [23] . The SVM algorithm is used to classify data by drawing a clear line between observation data, which are actually points on a plane. The margin space around the line should be as wide as possible to avoid misclassified values in the testing set [24] . With a multi-dimensional space, the line becomes a plane or a hyper plane [24] . In addition, the SVMs can efficiently perform nonlinear classification using what is called the kernel function (the linear and radial functions are the popular kernels used) to implicitly map its inputs into high-dimensional feature spaces [25] . The kernel function transforms 
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There are many classifiers, and each one uses different parameters to predict and choose the right class. The SVM performs classification by finding the hyperplane that maximizes the margin between the two classes. The vectors (cases) that define the hyperplane are the support vectors [23] . The SVM algorithm is used to classify data by drawing a clear line between observation data, which are actually points on a plane. The margin space around the line should be as wide as possible to avoid misclassified values in the testing set [24] . With a multi-dimensional space, the line becomes a plane or a hyper plane [24] . In addition, the SVMs can efficiently perform nonlinear classification using what is called the kernel function (the linear and radial functions are the popular kernels used) to implicitly map its inputs into high-dimensional feature spaces [25] . The kernel function transforms the data into a higher-dimensional feature space to make it possible to perform the linear separation [24] . A kernel basis function can be defined mathematically as follows:
If there are two observations x and x , represented as feature vectors in some input space, the radial basis kernel function is defined as:
where (x − x ) 2 represents the squared Euclidean distance between the two features, and ∂ is the variance [26] . Moreover, a kernel method helps learning algorithms to learn a nonlinear function or decision boundary, but it does not require the explicit mapping to be computed. For all x and x0 in the input space X, there are functions k(x, x0) that represent the inner product in another space V. The function k: X × X → V is called a kernel function and can be defined mathematically as follows:
An explicit representation for ϕ is not required where the choice for the function ϕ is arbitrary, as long as it satisfies data accuracy. Popular choices of ϕ include radial, polynomial, linear, and Gaussian functions [26] .
Moreover, predicting the values and setting the parameters with correct values are the main objectives of the SVM learning algorithm. Many statistical packages set those parameters to give the best prediction, such as the R studio statistical package [27] .
Additionally, using an SVM requires not only choosing the kernel function, but also the parameter C (cost function) or a penalty term [26] . This parameter is used because an SVM relies on predictions to make a decision about the best boundary that could cause an error [26] . If the value of C is very large, then the decision boundary will be close to the data points nearest to the support vectors. This means that the misclassification probability increases as the value of C decreases [27] .
A confusion matrix (CM) algorithm was used to evaluate the classifiers' performance [23] . The CM shows the number of accurate and inaccurate predictions made by the classification model compared to the actual outcomes (actual value) in the testing set [23] .
Proposed Model
Sign language relies on different body parts, which necessitates the use of two sensors. This research used Kinect to recognize the user's whole skeleton without finger details (because Kinect cannot capture fingers details [28] ), and the LMC to recognize the user's hand bones only, as it provides no details on the whole arm or the human body.
The proposed model's prototype used the following hardware and software:
• Kinect Version 2.0 with voice-recognition and face-tracking capabilities, and an RGB depth camera.
•
The two sensors (Kinect and LMC) were connected to a personal computer running a 64-bit Windows 10 operating system, with an Intel ® Core (TM) i7 2.5-GHz processor, and 16 GB RAM.
• Visual Studio 2013 with C# to calibrate the two sensors and capture the dataset. Figure 3 presents the 12 points of hand joints retrieved via LMC, while Figure 4 presents the 11 joints retrieved via Kinect.
• SDK Version 2 of Kinect and LMC with Windows Media3D to present a three-dimensional model of a human body's skeleton, which provided three-dimensional object transformation.
• SQL Server Management Studio to create a relational database to save the data and depth values captured by the two sensors. The two feature types in the database were:
Type one-denoted as "H" in the database-has three angles for each hand bone, which are angles between the bone and the three axes of the coordinate system (X, Y, Z). -Type two-denoted as "A" in the database-has one angle between each pair of bones, as shown in Figure 4 . These angles are the main factor for a comparison between two gestures. 
Feature Representation As Histograms
A histogram is a bar graph in which the data are organized into equal intervals. The intervals are represented as columns with the same width and varying lengths based on the frequency of the data value in each specific interval [29] . Statistical analyses with histograms allow the real distribution of data to be visualized, such as in the histogram of an image [30] . A histogram's x-axis and y-axis values could have any type of points. In the proposed model, the joints' points were presented using two types of features as a histogram.
The first histogram (3-angles for each hand joint) has 180 points on the x-axis, with each 3-angle representing one joint, and 200 points on the y-axis, which have angle values ranging between −100 and +100. For each joint point, a line is drawn between each corresponding point (vector). Each vector has a corresponding direction and an angle, and each angle was measured based on the corresponding x, y, and z angles. Thus, the calculated 3-angles (Ax, Ay, Az) represent each joint point ( Figure 5 ). These angles are the main factor for a comparison between two gestures. The second histogram (1-angle) has 60 points on the x-axis, representing absolute angles between each pair of bones in the hand (vector), as shown in Figure 6 . Therefore, the prototype was considered ready for use in the main window of the experimental environment (Figure 7a ). The ten volunteer participants, who were females in their twenties, were knowledgeable in Arabic sign language; however, they were not deaf. Each participant was asked to gesture five words, repeating each gesture three times. Each participant stood in front of the deviceswhich were connected to a personal computer-and made 5 to 10 word gestures (Figure 7b ). 
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Dataset Structure
The dataset observations are presented in Figure 8 as rows. Each observation was considered a word from a specific participant and contained many features.
The collected dataset has 235 features presented in Figure 8 as columns: the values H0 to H180 are from type one, and the values A1 to A54 are from type two. The dataset was reduced by selecting the body parts on which each gesture relies, while removing all of the values that will not affect the interpretation of the ArSL words, such as feature A9 (Figure 8 ). A total of 143 dataset observations were made, representing the five different ArSL words. Table 1 shows the number of observations and the proportion of each word (class) in the dataset. 
The collected dataset has 235 features presented in Figure 8 as columns: the values H0 to H180 are from type one, and the values A1 to A54 are from type two. The dataset was reduced by selecting the body parts on which each gesture relies, while removing all of the values that will not affect the interpretation of the ArSL words, such as feature A9 (Figure 8) . 
Classification Implementation
A preprocessing step was applied to remove all of the null values and any features with zero variance from the dataset. The dataset was divided into a training set with 109 observations and a testing set with 34 observations, with a splitting ratio of 75:25. The SVM parameters in the training step were set using either default values from the R package, or adjusted values (tuning). Tuning the SVM parameters means the process in which one or more parameters of the SVM model are adjusted up or down to achieve high-accuracy results [10] .
Consequently, four SVM models were produced by setting the SVM with two kernel functions (linear and radial). For each kernel, the parameters were set by using the default R package values or by tuning the parameters with different values. Therefore, the model was trained by allowing the R package to choose the SVM parameters C and sigma. Then, custom values for C and sigma were chosen, to search for the best parameters with the highest recognition accuracy rate when training the model.
Results
The SVM classifier was applied using the linear and radial kernel functions. The accuracy performance for the four SVM models-SVMLD, SVMLT, SVMRD, and SVMRT-differed between the training set and the testing set:
•
The accuracy performance for the training set differed among the two kernels. The highest accuracy among the four models for the training set was 90.884%, when the radial kernel was set with default parameters or tuned parameters. However, the accuracy was higher-88.92%-when the linear kernel was set with either default parameters or tuned parameters.
The accuracy performance for the testing set also differed among the two kernels. The highest accuracy among the four models for the testing set was 97.059%, when the linear kernel was set with default parameters or tuned parameters. However, the accuracy was higher-at 88.92%-when the linear kernel was set with either default parameters or tuned parameters. The overall accuracy in recognizing the corresponding words in the testing set for the SVMLD, SVMLT, SVMRD, and SVMRT models was 97.059%, 97.059%, 94.118%, and 97.059%, respectively.
In this research, the SVM with a "linear" kernel performed better than the "radial" kernel for the testing dataset. The reason could be that the data had a large number of features (235), making the model complex. 
Classification Implementation
Results
•
In this research, the SVM with a "linear" kernel performed better than the "radial" kernel for the testing dataset. The reason could be that the data had a large number of features (235), making the model complex.
Increasing the model complexity by using a radial kernel could cause overfitting (the model was trained well yet cannot be generalized to a new dataset). Therefore, it would be better to balance the high degree of complexity due to the large number of features with the simplicity of using the linear kernel. However, both kernels were applied with the following parameters and kernel results in the training step:
• SVM with default parameters and linear kernel (SVMLD): an SVM with a linear kernel has only one parameter that needs to be set: the cost parameter. The default value in the R package is the cost parameter, C = 1, which gave an overall accuracy of 88.92% in the training step. • SVM with default parameters and radial kernel (SVMRD): The radial kernel needs two parameters to be set (cost and sigma). The default value in the R package for sigma was held constant at a value of 0.002964685, and C = 4, which gave an overall accuracy of 90.884% in the training step.
• SVM with tuned parameters and radial kernel (SVMRT): For an SVM with a radial kernel and the cost and sigma parameters tuned, Table 2 shows the accuracy in the training step for each pair of cost and sigma parameters. High accuracy was achieved when sigma was set to 0.003 and C was set to 3, 3.5, 4, 4.5, and 5. The testing step evaluated the model's ability to predict the class label from the five classes for unseen data. The testing results for the SVMLD, SVMLT, SVMRD, and SVMRT models achieved 97.059%, 97.059%, 94.118%, and 97.059% accuracy, respectively ( Figure 9 ). 
Conclusions and Future Work
The Arab hearing impaired face numerous hardships when it comes to interacting with others, including the lack of ArSL interpreters and the excessive variation among different ArSL dialects. A platform incorporating Kinect and LMC could certainly offer a better chance for a more interactive role in society among this population.
Moreover, less complexity is needed to enhance the recognition accuracy of ArSL when using a supervised machine-learning approach, whether by reducing the dataset features or by setting fewer parameters for the classifier. This research started off with the recognition of all ArSL letters, and was then extended to recognizing a few ArSL words to test the most efficient classifier algorithm.
This research combined two sensor devices to improve the recognition accuracy rate for ArSL by capturing not only the hand's skeleton, but all upper joints upon which most sign-language gestures rely. The depth values of the human skeleton captured by the two sensors extracted 235 angles for all of the upper human skeleton bones.
The significance of this research is that it compares the results of using an SVM classifier with different parameters. This paper presents four SVM models to examine 143 signs for five ArSL words gestured by 10 users. These gestured signs were considered a dataset, and were divided into a training set with 109 observations and a testing set with 34 observations. The difference in the performance between the linear and radial kernels using default values was not significant: both had equal accuracy rates with the models using tuned values. Therefore, if the two kernels in the models perform equally, it is more efficient to use the less complex model (the linear kernel), which only needs to be set with only one parameter (C) to overcome the time complexity needed to interpret data for this model.
In conclusion, with equal accuracy performance, using a linear kernel set with only one parameter (C) would be less complex than using KSVM, as in [5] , by setting the radial kernel of the SVM with two parameters (C and sigma).
The dataset used in this research is considered small; therefore, the results could be different between the linear and radial kernels with a large dataset.
Future work will involve attempts to recognize ArSL phrases using depth sensors with a supervised machine-learning approach, taking into consideration the limited workspace the LMC has for the user's movement. Moreover, Kinect and LMC both need enhancements in speed to capture and recognize gestures with higher accuracy and in real time.
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